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Abstract: As a generalization of intuitionistic fuzzy sets, single-valued neutrosophic sets have certain 
advantages in solving indeterminate and inconsistent information. In this paper, we study the fuzzy 
inference full implication method based on single-valued neutrosophic t-representable t-norm. 
Firstly, single-valued neutrosophic fuzzy inference triple I principles for fuzzy modus ponens and 
fuzzy modus tollens are given. Then, single-valued neutrosophic R-type triple I solutions for FMP 
and FMT are given. Finally, the robustness of the full implication triple I method based on the left- 
continuous single-valued neutrosophic t-representable t-norm is investigated. As a special case of the 
main results, the sensitivity of full implication triple I solutions based on three special single-valued 
neutrosophic t-representable t-norms are given. 


Keywords: Single Valued Neutrosophic Set; Single Valued Neutrosophic; t-representable t-norm; 
Full Implication Triple I Method. 


1. Introduction 


Fuzzy sets have been applied to deal with uncertain, vague, inaccurate information in the real 
world. However, it is widely known that fuzzy reasoning plays an important role in fuzzy set theory. 
Especially, the most basic forms of fuzzy reasoning are Fuzzy Modus Ponens (FMP for short) and 
Fuzzy Modus Tollens (FMT for short), which can be shown as follows [1, 2]: 

FMP (A,B, A*): given the fuzzy rule and premise A*, attempt to reason a suitable fuzzy 
consequent B*. 

FMT (A, B, B*): given the fuzzy rule and premise B*, attempt to reason a suitable fuzzy 
consequent A*. 

In the above models, andB, B* € F(Y), where and denote fuzzy subsets of the universes and 
respectively. 

The most famous method to solve the above models is the Compositional Rule of Inference (CRI 
for short), which is presented by Zadeh [2, 3]. However, the CRI method lacks clear logic semantics 
and reductivity. To overcome this shortcoming, Wang [1] proposed the fuzzy reasoning full 
implication triple I method, which can bring fuzzy reasoning into the framework of logical semantic 
[4]. In recent years, many scholars have studied the fuzzy reasoning full implication method. Wang 
et al. [5] gave a unified form for fuzzy reasoning full implication method based on normal implication 
and regular implication. Pei [6] gave a unified form fuzzy reasoning full implication method based 
on residual implication induced by left continuous t-norms. Moreover, Pei [7] established the solid 
logical foundation for the fuzzy reasoning full implication method based on left continuous t-norms. 
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Liu et al. [8] gave the unified form of the solutions for fuzzy reasoning full implication method. Luo 
and Yao [9] studied the fuzzy reasoning triple I method based on Schweizer-Sklar operators. 

Although fuzzy set theory has been successfully applied in many fields, there are some defects 
in dealing with fuzzy and incomplete information. Atanassov [10] introduced intuitionistic fuzzy sets 
(IFSs), which are represented by a membership and a non-membership function. Intuitionistic fuzzy 
sets can represent not only the positive and negative aspects of the given information but also the 
hesitant information. Meanwhile, Gorzalczany [11] and Turksen [12] proposed interval-valued fuzzy 
sets, which represent a subinterval in the membership function. Intuitionistic fuzzy sets and interval- 
valued fuzzy sets are equivalent [13]. In recent years, some research results on intuitionistic fuzzy 
reasoning and interval-valued fuzzy reasoning have been achieved. Zheng et al. [14] extended the 
triple I method on intuitionistic fuzzy sets. Li et al. [15] extended the CRI method on interval-valued 
fuzzy sets. Luo et al. [16-19] studied interval-value fuzzy reasoning full implication triple I method 
and reverse triple I method based on the interval-valued associated t-norm. Moreover, Luo et al.[20] 
studied fuzzy reasoning triple I method based on the interval-value t-representable t-norm. 

Although an intuitionistic fuzzy set has some advantages in dealing with fuzzy and incomplete 
information, it has defects in dealing with fuzzy, incomplete, and inconsistent information. To deal 
with this case, Smarandache [21] proposed a neutrosophic set, which is represented by a truth- 
membership function, an indeterminacy-membership function, and a falsity-membership function. 
The neutrosophic set represents uncertain, incomplete, and inconsistent information in the real 
world. However, truth-membership, indeterminacy-membership, and falsity-membership functions 
are nonstandard fuzzy subsets, which are difficult to apply in practice. Smarandache [22] and Wang 
et al [23] proposed a single-valued neutrosophic set, the truth-membership, indeterminacy- 
membership, and falsity-membership degrees are a real number in the unit interval [0,1]. The single- 
valued neutrosophic set can be considered as a generalization intuitionistic fuzzy set. In recent years, 
Scholars have paid attention to the study of single-valued neutrosophic sets. Smarandache [21] 
studied a unifying field in logic. Smarandache [24] proposed n-norm and n-conorm in neutrosophic 
logic. Rivieccio [25] investigated neutrosophic logic. Alkhazaleh [26] gives some norms and conforms 
based on the neutrosophic set. Zhang et al. [27] gave a new inclusion relation for neutrosophic sets. 
Hu and Zhang [28] constructed the residuated lattices based on the neutrosophic t-norms and 
neutrosophic residual implications. So far, there is little research on fuzzy reasoning methods based 
on single-valued neutrosophic sets. In [29], Ghorai et al. studied the operations of the Cartesian 
product, composition, and union of two image fuzzy digraphs. In [30], Ghorai et al. proposed a 
bipolar fuzzy incidence graph and analyzed the properties of a bipolar fuzzy incidence graph. In [31], 
Ghorai et al. analyzed the properties of the complexity function and its importance in the network 
field and applied the complexity function to identify the period of COVID-19. Zhao et al. [32] study 
reverse triple I algorithms based on single-valued neutrosophic fuzzy inference. 

Therefore, we consider researching the fuzzy reasoning triple I method based on a class single 
valued neutrosophic triangular norm. An important criterion for judging an algorithm is whether the 
algorithm has a logical basis. Therefore, this paper proposes a logic-based fuzzy reasoning algorithm 
based on a class single valued neutrosophic triangular norm. The algorithm proposed in this paper 
is anew neutrosophic set fuzzy inference algorithm with a logical basis. 


1.1 The organization of the work 

The organization of this paper is as follows: some basic concepts for single-valued neutrosophic 
sets are reviewed in section 2. In section 3, we give fuzzy inference triple I principles based on left- 
continuous single-valued neutrosophic t-representable t-norms for fuzzy modus ponens and fuzzy 
modus tollens, and the corresponding solutions of single-valued neutrosophic triple I methods. In 
section 4, the robustness of the triple I method based on left-continuous single-valued neutrosophic 
t-representable t-norm is investigated. Finally, the conclusions are given in Section 5. 
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2. Preliminaries 


In this section, we review some basic concepts for triangular norm, triangular conorm, and 
single-valued neutrosophic set, which will be used in this article. 


Definition 2.1. [33] A mapping T: [0,1]<[0,1] > [0,1] is called a triangular norm (t-norm), if it 
satisfies associativity, commutativity, monotonicity, and boundary condition T(x,1)=x for any x € 
[0,1]. A mapping S: is called a triangular conorm (t-conorm), if it satisfies associativity, 
commutativity, monotonicity, and boundary condition S(x,0)=x for any x € [0,1]. A t-norm is called 
the dual t-norm of the t-conorm if T(x,y) = 1—S(1—x,1-—y). Similarly, a t-conorm is called the 
dual t-conorm of the t-norm, if S(x,y) =1—T(1—x,1-y). 

Definition 2.2. [33] A t-norm T is called left-continuous (resp., right-continuous), if for any (Xo, Yo) € 
[0,1]?, and for each ¢ > 0 there isa 6 > 0 such that T(x, y) > T(%, Yo) — €, whenever (x,y) € (Xp — 
5,Xo] X Wo — 5, ¥o] (resp., T(x, ¥) < T (Xo, Yo) + €, whenever (x,y) € [X, Xo + 6] X [Yo Vo + 4)). 
Proposition 2.1. [33] A t-norm T is a left-continuous t-norm if and only if there exists a binary 
operation R; such that (T,Rr) satisfies the residual principle, i.e., T(x,z) <y iff z< Rr(x,y) for 
all x,y,z € [0,1], where R-(x,y) = sup{z|T(x,z) < y} is called a residual implication induced by t- 
norm T. 

Proposition 2.2. [33] A t-conorm S is a right-continuous t-conorm if and only if there exists a binary 
operation Rs on L such that (S,Rs) forms a co-adjoint pair, ie., x < S(y,z) iff Rs(x,y) <z for all 
x,y,z € [0,1], where Rs(x,y) = inf{z|x < S(y,z)}is called a coresidual implication induced by t- 
conorm S. 

Example 1. Three important t-norms and their residual implication, t-conorms, and their coresidual 
implication [32, 33] are in Table 1. 


Table 1. t-norms and their residual implications, t-conorms and their coresidual implications. 


Residual Coresidual 
Name t-norms fake t-conorms se 
- ____Implications _ ____ Implications | 
T, (x, Rg, (x, 
a (x) Rr, (x,Y) Sy) s( y) 
Lukasiewicz =tact n fy aA 
Hetty | Oe. | ey) =(x-y)v0 
S ,y)= x—-y 
Gougen Tgo(x,b) = xy Rro(%y) =1 res Go(%, y= x + Rseo(%Y) = —v 0 
x yxy MA 
Rr, (x, y) Rsoo (x, y) 
Gédel Tg (x,y) = xAy ={* if xsy, Sg(uy)=xvy = if xy, 
“ly, if x>y. “ly, if x>y. 


Definition 2.3. [22] Let X be a universal set. A neutrosophic set A on X is characterized by three 
functions, i.e., a truth-membership function t,(x), an indeterminacy-membership function i,(x) 
and a falsity-membership function f,(x). Then, a neutrosophic set A can be defined as follows: 

A = {(x, a(x), in), fale) |x € XJ, 
where t,(x):X >] 0,1*[, i4(x):X >]70,1*[, fy(x):X >] 0,1*[, such that 07 < t,(x) +i,(x) + 
fa(x) S 3%, ta(x), in(%), fa(x) € [0,1] and satisfy the condition 0 < t4(x) + i,(x) + f(x) S 3 foreach 
x in X. 
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The family of all single valued neutrosophic sets is denoted by SVNS(X). 
Definition 2.4, [22] Let A, B be two single valued neutrosophic sets on universal X, the following 
relations are defined as follows: 

(i). ASB ifandonly t,(x) < tg(x), in(x) = ig(x) and fy(x) = fe(x) for all x € X; 


(ii). A=B ifandonly AGB and BGA; 

(iii). ANB = (min(t,(x), tg(x)), max(i, (x), ig (x)), max(fa(x), fe(x))) for all x € X forall x € X; 
(iv). AUB = (max(t,(x),tg(x)), min(i, (x), ip (x)), min(f,(x), fe(x))) for all x € X; 

(v). AS = {(fa(),1 — tg (4), th) 1x € X}. 


Remark 2.1. For arbitrary single valued neutrosophic set A € SVNS(X), we can obtain: 
(i). sof. ta(x) +in(®) + fa(x) = 1, then a single-valued neutrosophic set A reduces to an 
intuitionistic fuzzy set. 
(ii). If ty(x) + ig) + fy(*) = 1 and i,(x) = 0, then a single-valued neutrosophic set A reduces 
to a fuzzy set. 


The set of all single valued neutrosophic numbers denoted by SVNN, i.e. SVNN = {Zt, i, FZ | 
t,i, f € [0,1]}. Let a = (tg, ig, fa), B = (tp, ig, fe) € SVNN, an ordering on SVNN as a < f if and only 
if ty Stgigzigpfe=fe, = 6 iff a<fP and B<a.Obviously, aAP = (tg Atg,ig Vig, fa V fp), 
aVB = (ta Vtgita Nigs fa \ fp) , Nier G = (ier tap Vier ba; Vier fa;) , Vier Gi = 
(Vier CapNier baie fa;)0" = (0,11) and 1* =(1,0,0) are the smallest element and the greatest 
element in SVNN, respectively. It is easy to verify that (SVNN, <) is a complete lattice [29]. 


After introducing single-valued neutrosophic numbers, we will then introduce the properties of 
single-valued neutrosophic t-norm. 


Definition 2.5. [28] A function T: SUNN X SVNN — SVNN is called a single-valued neutrosophic t- 
norm if the following four axioms are satisfied, for all a,8,y € SVNN, 
(i). T(a,B) = T(B, a), (commutativity) 
ii) T((a,f),y) = F(a, (B,7)), (associativity) 
(iii). T(a,y) <= T(f,y) if a < B, (monotonicity) 
) FT (a,1*) = a. (boundary condition) 


Example 2. [32] The function J : SVNNXSVNN->SVNN_ defined by J (a,B)= 
(T (ta, tg), S (ia, ig), Sa, fg)) is a single-valued neutrosophic t-norm, which is called a single-valued 
neutrosophic t-representable t-norm, where T is a t-norm and S is its dual t-conorm on [0, 1]. J is 
called a left-continuous single valued neutrosophic t-representable t-norm if T is left-continuous and 
S is right-continuous. 


Definition 2.6. [32] A single valued neutrosophic residual implication is defined by R;(a,f) = 
sup{y €SVNN |T(,a) < 6B}, Va,B ESVNN , where J is a left-continuous single valued 
neutrosophic t-representable t-norm. 


Proposition 2.3. [32] Let JT be a single-valued neutrosophic t-representable t-norm, the following 
statements are equivalent: 

(i). TJ is left-continuous; 

(ii). FJ and R; form an adjoint pair, i.e., they satisfy the following residual principle 


Tyas PBSysRr(a,B),a,B,y € SVNN. 
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Proposition 2.4. [32] Let a@=(tg,iafe) , B=(tg,ig,fg)ESVNN , then Ry(a,f) = 
(Rr (ta, tg), Rs (ig, ta), Rsfp, fa)), which is the single-valued neutrosophic residual implication induced 
by left-continuous single-valued neutrosophic t-representable t-norm, where R, is residual 
implication induced by left-continuous t-norm T, Rs is coresidual implication induced by right- 
continuous t-conorm S. 


Proposition 2.5. Let R; be single valued neutrosophic residual implication induced by left- 
continuous single valued neutrosophic t-representable t-norm J, then 
(i). R,(a,B) =1* iff a< Bp; 


Gi). ySRr(a,B) iff as Ry, 8); 
(ili) Ry (1*,@) =a; 
(iv). Rz (a, Rp (Ry (a, B), B) = 1"; 
(v). Rp Vier Bi, @) = Nier Rr (Bi, @); 
(vi). = Rr (B, Nier &) = Nier Rr (B, ai); 
(vii) Ry is antitone in the first variable and isotone in the second variable. 


After introducing the properties of single-valued neutrosophic t-representable t-norm, to better 
understand its usage, we will use the following examples to introduce three important single-valued 
neutrosophic t-representable t-norms and their residual implications. 


Example 3. [32] The following are three important single-valued neutrosophic t-representable t- 
norms and their residual implications. 
(i). | The single valued neutrosophic Lukasiewicz t-norm and its residual implication: 
T,(a@, B) = (ta + tg -1) V0, (ig t+ig)AL (Sa + fe) AD) 
Ry, (a, B) = (1A (1 — ty + te), (ig — ia) V 0, (fg — fa) V 0). 
(ii). | The single valued neutrosophic Gougen t-norm and its residual implication: 


Teo(@, B) = {tatg, te a9 ig — ialg, fa + fe = fafp)- 


(1,0,0), if tp SSeS 
fe — Sf ; Lbs 
(1,0, eres if ta = tg, tp s lar fa < fp, 
a 
ig lg ‘ . : 
(Laz; iO), if ty Stgiig <ig.fe S fo 
a 
ig —la fp — he . roeere 
(15 ae if tg Stgig <ig.fe <fp, 
R B= t 
Teo (& B) CF 0,0), if ty Stig Sty fe = fas 
a 
te | fp —h ; acs 
0,5), if tp < ta, lp < lovte < fp, 
a a 
tp ip — Ig i A 
a _G ,0), if tg <tatg <ig.fe S foo 
a 


(oe hi et et he 
tah ime’ f tp<tulea < ig. fa < fp 


(iii). | The single valued neutrosophic t-norm and its residual implication: 


JG (a, B) = (ta A tgrla Vv ig, fa V fp). 


Minxia Luo, Ziyang Sun, Donghui Xu, and Lixian Wu, Fuzzy Inference Full Implication Method Based on Single Valued 
Neutrosophic t-representable t-norm: Purposes, Strategies, and a Proof-of-Principle Study 


Neutrosophic Systems with Applications, Vol. 14, 2024 6 
An International Journal on Informatics, Decision Science, Intelligent Systems Applications 


(1,00); if ty StaigS tele Shas 
(10, fe) if taStpipSiafa < fp 
(1,ig,0), if teStpia<ig, fe S far 
Cyigvtel: tf > ty = tate < late S fp: 
{tg,0,0), if tg<tyuigSianfp sfo 
Gp Oifo Uf tp. < t ip S life S Fp 
(tg, ig,0), if tp<tula <ipg. fe < fu 
{tg,ig, fe), if tg <tuie <ig, fa < fp. 


Ry, (a, B) = 


To further demonstrate the robustness of single-valued neutrosophic t-norm, we will now introduce 
a distance metric d. 


Definition 2.7. [34] A metric space is an ordered pair (X,d), where X isaset and d isa metricon X, 
i.e.,a function d: X x X > [0,+00) such that for any x,y,z € X, the following holds: 

(D1) d(x, y) = 0; 

(D2) d(x,y) =0 if and only if x = y; 

(D3) d(x, y) S d(x,z) + d(y,z). 

The function d is called a distance. 


3. Single-Valued Neutrosophic Fuzzy Inference Triple I Method 


In this section, we will study the single-valued neutrosophic fuzzy inference triple I method 
based on left-continuous single-valued neutrosophic t-representable t-norm J’. Suppose R is a 
single-valued neutrosophic residuated implication induced by left-continuous single-valued 
neutrosophic t-representable t-norm J. A single valued neutrosophic set A on universe X is called 
normal if there exists x) € X such that A(x)) = 1*. A single valued neutrosophic set A on universe 
X is called co-normal if there exists x) € X such that A(x9) = 0°. 


Definition 3.1. (Single valued neutrosophic fuzzy inference triple I principle for FMP) Suppose that 
R is a single-valued neutrosophic residual implication induced by a left-continuous single-valued 
neutrosophic t-representable t-norm J, A,A* €SVNS(X) and BeESVNS(Y). Let P(x%,y)= 
R(R(A(x), BY), R(A* (x), 1°), and B(A, B, A”) = {C € SVNS(Y) | R(R(A(X), BC), RA"), CO) = 
P(x,y),x EX, ye Y}. 

If there exist the smallest element of the set B(A, B, A”) (denoted by B*), then B” is called the 
single-valued neutrosophic fuzzy inference triple I solution for FMP. 


Definition 3.2. (Single valued neutrosophic fuzzy inference triple I principle for FMT) Suppose that 
R is a single-valued neutrosophic residual implication induced by a left-continuous single-valued 
neutrosophic t-representable t-norm J . A€SVNS(X) and B,B* ESVNS(Y) . Let Q(%y)= 
R(R(A(x), B(y)), R(O*, B* (x))) j and A(A, B, B*) = {D € SVNS(X) | 
R(R(A(x), BC), RO (x), BY(X))) = QC), x € Xy € Y}. 

If there exists the greatest element of the set A(A, B, B*) (denoted by A”), then A” is called the 
single-valued neutrosophic fuzzy inference triple I solution for FMT. 

After introducing the single-valued neutrosophic fuzzy inference triple I principle for FMP and 
FMT, we can now derive the single-valued neutrosophic fuzzy inference triple I solution of FMP and 
FMT. 


Theorem 3.1. Let A,A* € SVNS(X), BESVNS(Y), R be single valued neutrosophic residual 
implication induced by a left-continuous single valued neutrosophic t-representable t-norm J, then 
the single-valued neutrosophic fuzzy inference triple Isolution B* of FMP is as follows: 
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By) = Sup CA) RAG) BO) yy EY) (1) 


Proof: 

Firstly, we prove B* € B(A,B,A’%). It follows from equation (1), we have J(A*(x), R(A(x), B(Y))) S 
B* (y). By the residuation property, we obtain R(A(x),B(y))) < R(A*(x), B*(y))) . Therefore, 
R(R(A(x), B(y)), R(A* (x), B*(y))) = 1°, Le, B* € BCA, B,A*). 

Secondly, we prove that B* is the smallest single valued neutrosophic fuzzy subset of B(A, B, A’). 
Suppose C is an arbitrary single-valued neutrosophic fuzzy subset in B(A,B,A*) , 
Le RRA), BY), RA), CO))) = WV. 

By the residuation property, then R(A(x),B(y)) = R(A*(x),CW)) . we have 
T(A*(x), R(A(x), BC) <= C(y), hence B* <C, ie., B* is the smallest single valued neutrosophic 
fuzzy subset of B(A,B,A*), and B* is the single-valued neutrosophic fuzzy inference triple I solution 
for FMP. 

After obtaining the solution for single valued neutrosophic fuzzy inference triple I solution of 
FMP, we can now obtain the single-valued neutrosophic residual implication induced by a left- 
continuous single valued neutrosophic t-representable t-norm J triple I solution for FMP. 


Corollary 3.1. Let R be single valued neutrosophic residual implication induced by a left-continuous 
single-valued neutrosophic t-representable t-norm J, then the single-valued neutrosophic fuzzy 
inference triple I solution B* = {(y, tg«(v), ig+(y), fe:()) | y © Y} for FMP can be shown as follows: 

tar(V) = Vxex T (tar (&), Rr Ga), Oy €Y), 

tp (V) = Avex S lar (x), Rs (tn), a) WV EY), 

fax) = Axex 5S far), sa), fA DY E Y). 


Corollary 3.2. Let R be the single-valued neutrosophic Lukasiewicz residual implication R,,, then 
the single-valued neutrosophic fuzzy inference triple I solution B* = {(y, tg+(y), is*(V), fe«()) ly € 
Y} of FMPas follows: 

ter(Y) = Vrext [ta (X) + (1 — ta) + ta) A 1) — IV O}(Vy EY), 

tps (V) = Axext [ta ) + (Ga) — 4) V 0) A 1} (vy € Y), 

fae) = Nxext far) + (Fa) — fa) V ODI A Ivy € Y). 


Corollary 3.3. Let R be the single-valued neutrosophic Gougen residual implication Ry, then the 
single-valued neutrosophic fuzzy inference triple I solution B* = {(y, tg+(y), ig«(y), fe*Ov)) | y © Y} of 
FMP as follows: 


tax(v) = Vex{ ta (x) 2a 1)}CWy € Y), 


ta(x) 
igs () = Avexfian(x) + [E24@ v 0] = igs (x) - ES v ocvy € ¥), 
1-i,(x) 1-i4(x) 
= fB(y)-fa(x) me 2 . fBW)—-fa(x) 
fa (V) = Neext far @) + FEA v 0] — far) FEA v oly € ¥). 


Corollary 3.4. Let R be the single-valued neutrosophic Gédel residual implications Rz,, then the 
single-valued neutrosophic fuzzy inference triple I solution B* = {(y, tg+(y), ig«(y), fe*Ov)) | y © Y} of 
FMP as follows: 

te+(Y) = Vxext (ta(*) A Rr (ta), ta DIV € Y), 

ips (VY) = Avext Gar) V Rso (a), “CODY € Y), 

fr (Y) = Nxext Fas) V Rso( Fa), fa ))F VY € Y). 
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Theorem 3.2. Let AE SVNS(X) , B,B* ESVNS(Y), R be single valued neutrosophic residual 
implication induced by a left-continuous single-valued neutrosophic t-representable t-norm J, then 
the single-valued neutrosophic fuzzy inference triple I solution A* of FMT is as follows: 


A) = [\RRAW.BOY,. BON EX Q) 
yey 

Proof: 
Firstly, we prove A*€A(A,B,B*) . It follows from equation (2), we obtain A*(x)< 
R(R(A(x), B(y)), B*(y)). By the residuation property, we have J(A*,R(A(x),B(y))) < B*, and 
R(A(x), BCy)) S R(A*(x), B*(y)) . Therefore, R(R(A(x), B(y)), R(A* (x), B*(y))) = 1", ie, A*E 
ACA, B, B*). 
Secondly, we show that A* is the greatest single valued neutrosophic fuzzy subset of A(A,B, B*). 
Suppose D is an arbitrary single-valued neutrosophic fuzzy subset in A(A,B,B*) , 
ie, R(R(A(x), BCy)), R(D (x), B*(y))) = 1%, then R(A(x), BCy)) = R(x), B*(y)) by the residuation 
property. We have J(D(x),R(A(x),BWy)) = B’(y) and D(x) < R(R(A(x),BUW)),B*(y)) by 
Proposition 2.3, hence D < A’, ie., A* is the greatest single valued neutrosophic fuzzy subset of 
A(A,B,B*), and A* is the single-valued neutrosophic fuzzy inference triple I solution for FMT. 


After obtaining the solution for single valued neutrosophic fuzzy inference triple I solution of 
FMT, we can now obtain the single-valued neutrosophic residual implication induced by a left- 
continuous single valued neutrosophic t-representable t-norm J triple I solution for FMT. 


Corollary 3.5. Let R be a single-valued neutrosophic residual implication induced by a left- 
continuous single-valued neutrosophic t-representable t-norm J , then the single-valued 
neutrosophic fuzzy inference triple I solution A* = {(x, t4*(x), t4*(%), fa(x)) | x © X} for FMT canbe 
shown as follows: 

tas(X) = Nyey Rr Rr), t2)), te OVX € X), 

tg*(*) = Vyey Rs (a (Y), Rs in), ta (2) ) (Vx € X), 

far (*) = Vyey Rs Fa), Rs fa), fa) (Vx € X). 


Corollary 3.6. Let R be the single-valued neutrosophic Lukasiewicz residual implication Rz,, then 
the single-valued neutrosophic fuzzy inference triple solution A* = {(x, t4«(x), t4*(x), fas (x)) | x € X} 
for FMT as follows: 

tas(x) = Ayer [1 — (A — ta) + ta) A1) + te) A 1} (vx € X), 

ig*(*) = Vyert [is — (in) — 4%) V 0)] V OF (Wx EX), 

far(*) = Vyer€ fa) — (fea) — fa) V 9)] V O}(Wx € X). 


Corollary 3.7. Let R be the single-valued neutrosophic Gougen residual implication Rz,,, then the 
single-valued neutrosophic fuzzy inference triple I solution A* = {(x, tg+(x), i4*(x), fax(x)) | x € X} 
for FMT as follows: 


tax(y) 
ty*(x) = Ayerlapmn— A 1}(vx € X), 
Gace” 
; iB(y)-ta(~), 
; ipso) -B Avo 
ig(x) = Vyer —poy=tacd, — V O}(Vx € X), 
A aeiaGy, 


far o)- EEA vo 


far (x) Vyeyl ——Teo-Tac,.. — V O}(Vx EX). 
fae“ 
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Corollary 3.8. Let B be the single-valued neutrosophic Gédel residual implications Rz,, then the 
single-valued neutrosophic fuzzy inference triple I solution A* = {(x, tg+(x), i4*(x), fas(x)) | x € X} 
for FMT as follows: 
tar(x) = Axvext Rrg(Rre (a), a), ta CVX EX), 
ta (X) = Vrext Rsg ta), Rsg la), ta) ICV € X), 
far (x) = Vaext Rsg far), Rs Fa), fa) (VX € X). 
To prove the single-valued neutrosophic fuzzy inference triple I method is recoverable, we 
define reducibility. 


Definition 3.3. [4] A method for FMP is called recoverable if A* = A implies B* = B. similarly, a 
method for FMT is called recoverable if B* = B implies A* = A.} 


Theorem 3.3. The single-valued neutrosophic fuzzy inference triple I method for FMP is reductive if 
A is anormal single-valued neutrosophic set. 


Proof: 
Suppose A* = A and there exists an element x) € X such that A(x) = A*(%9) = (1,0,0) = 1*. Then 
we have 
BY(y) = \/7 4°, RAC), BO) 
"T(A* o), R(A(X), BO) 
T(1", R(1", B(y))) = BY). 


On the other hand, by Proposition 2.6 (5) for any y € Y, 


Il IV 


RB), BO)) = R\/r (R(A(x), B(y)), A*(*)), BO) = \z (TRA), BO), AC), BO)) =U, 


yey yey 


we have, B*(y) < B(y). 
Therefore, B* = B. This shows that the single-valued neutrosophic fuzzy inference triple I method 
for FMP is recoverable. 


Theorem 3.4. The single-valued neutrosophic fuzzy inference triple I method for FMT is reductive 
if single-valued neutrosophic residual implication R satisfies R(R(A, 0*),0") = A, and B is a co- 
normal single-valued neutrosophic set. 
Proof: 
Suppose B* = B is a co-normal single-valued neutrosophic set, i.e. there exists an element yo € Y 
such that B*(yo) = B(yo) = (0,1,1) = 0*, then we have: 

A) = [\RRAC,BO).BO)) 

yeY 


R(R(A(X), B(V0)), BY (Yo) 
R(R(A(x), 0*), 0*) = A(x). 


IL IA 


On the other hand, by Proposition 2.5(3) and (4) for any x € X, 


R(A(x), A*(x)) = R(a(x), [\R (R(A(x), B(y)), B°())) = /\\z (A(x), R(R(A(x), B(y)), By) = 1, 
yey yey 

we have A(x) < A*(x). 

Therefore, A* = A. This shows that the single-valued neutrosophic fuzzy inference triple I method 

for FMT is recoverable. 
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4. Robustness of Single-Valued Neutrosophic Fuzzy Inference Triple I Method 


In this section, we introduce a new distance between single-valued neutrosophic sets. Through 
this distance, we can prove the robustness of the single-valued neutrosophic fuzzy inference triple I 
method. We study the robustness of the single-valued neutrosophic fuzzy inference triple I method 
based on left-continuous single-valued neutrosophic t-representable t-norms with this new distance. 


Theorem 4.1. Let X = {x,,X2,...,Xn}, for all A,B € SVNS(X), then 
d(A,B) = max{\/ | ta(xi) - taal \f Liao ~ teal \f I fa@ed - foOD 


xjEx xjEx xjEx 


isa metric on SVNS(X) and (SVNS(X),d) is a metric space. d is called a distance on SVNS(X). 


Proof: By Definition 2.7, (1) (2) are obvious for any A,B € SVNS(X). Therefore, we only prove (3). For 
any A,B,C € SVNS(X) 


d(A, B) 
= max{\/ |e.) - tb \ lia@ea - teal VV LfaGed - food 
_ max(\/ | tr) ~ tel) + tele) = told 
\VATACORSECOE: Lx) — toh VV lias@ed — folxd + Feld — fo@OD 
“< max{\7 | tae) - teed \/ I iad — OI VV ised - fe 
tmax(\/ [teGn) — tab V lice) — ial, V fel) — foe 


< d(A,C) + d(C,B) 
Therefore, d isa metric on SVNS(X), and (SVNS(X),d) is a metric space. 


Definition 4.1. Suppose that § is a n-tuple mapping form to SVNN” to SVNN, Ve € (0,1). For any 
(t, i, f) = ((ty, ly, fi), (to, iy, fr), eeey (tn, in fn) E SVNN", 


Ag ((t i fh, €) = VEd C(t if), BAC EDDC Hf) € SUNN, d((t if), (ti, £")) Se} 
is called the sensitivity of the point (t,i,f), where d((t,i,f), (t’,i, f’)) = max{V;|¢; — LV, ly —- 


GLViLG — FD 


Definition 4.2. The biggest € sensitivity of & denoted by Ag (€) = ViithesvrnnAg (tif), €) is called 
sensitivity of %. 


Definition 4.3. Let § and %' be two n-tuple single-valued neutrosophic fuzzy connectives. We say 
that § atleastasrobustas % at point (t,i, f), if Ve € (0,1), Ag (tif), €) <SAy ((t, i, f), €). We say that 
& is more robust than %’ at point (t,i,f), if there exists ¢ > 0 such that Ag ((ti,f),€) <Agr ((t i, fp, €). 


Definition 4.4. Let & and %’ be two n-tuple single-valued neutrosophic fuzzy connectives. We say 
that & at least as robust as %, if Ve € (0,1), Ag (€) SAg (€). We say that & is more robust than 
if there exists € > 0 such that Ag (€) <Ag (€). 


Proposition 4.1. For a binary single valued neutrosophic fuzzy connectives §: SVNN x SVNN > 


SVNN, we can obtain: 
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(i). Let § be a left-continuous single valued neutrosophic t-representable t-norm on SVNN, 
T(a,B) = (T (ta, tg), S(la, ig), S(farfp)) forall a= (testa fad, B = (tg, ig, fe) E SVNN, then 
Arle)= Vo Ar((a,8),€) 


(a,8)€SNVS? 


= Vo MIP Casta) —T (testa), |S (tarts) S(éasis)|, |S Fasfe)—$(Farto)| |d(Z(0,8), Ma’,B)) Se}} 


(a,8)€SNVS? 


T (ta,tg) —T (ta + €,te + €)|, |S (taste) —S (ta +€,tg +€)|, 1S (fasts) -S (fa tes fete)|, 
\T (toasts) -—T (ta té,te —€)|,|5 (taste) -— 5 (to + E48 —€)|, 15 (far fa) -S (fo te, fae), 
IT (tasta)— T (ta + €,t3)|, 15 (tarts) — $ (ta + €548) [15 (farts) — S$ (fa + € fa), 
= IT (taste) — T (tarts re); IS (ia,%a) — $ (asta + €) ’ 8 ( fos fa)—-S (fafa te), 
(a,8)€SNVS? |T (taste) — T (ta;ta —€) 115 (4as4a) — 5 (tata — €) ’ 5 (farfa)—S(farfa—€)|; 
|T (taste) —T (te —€,ta + €)|, |S (ta,ta) -—S (ta — €,4a + €)|, 15 (far fs) -S (fa — és fa te)I, 
|T (taste) — T (te — €,tg —€)|, |S (tata) — S$ (ta — €,4a — €) |, 15 (far fs) -—S (fa —€, fa —€)], 
IT (tarts) —T (ta €,te 1,15 (tas#s) — $ (ta — €, 49) ) S(farfs)— 5 (fa €, fs) | 


(ii). Let & be single valued neutrosophic residuated implication R; induced by left- 
continuous single valued neutrosophic t-representable t-norm J , Ry(a,fB) = 
(Rr(ta,tg)), Rs(ig, ta), Rs fp fa)) for all a = {tg,ies fa), B = (tg, ig, fg) € SVNN, then 

Anfe\= Yo An,((a,),¢) 


(a, 8) e€ SNVS? 
= V {\V {Br(tasts) — Rr(tast3)|)|Rs(issia) — Rs( isin) |, [Rs (forfa) — Rol farfa)|ld(Z(a,8), T(a',B')) Sey} 
a, 3) € SNVS? 
|Rr(ta;te)— Rr(ta +€,tg +e€)|,|Rs(ts,ta)— Rs(ig + e,ta te)|,|Ro( fafa) -—Rs(fa te, fate), 
|Rr(tasts) — Rr(te + €,ts —€)|,|Rs(te,ta) — Rs(is + €,t.—€)|,|Rs( fo + €, fa) — Rs( for fa—€)|, 
|Rr(taste) — Rr(ta + €,ts)|,|Rs(tp,ta) — Rs(te + &,t0)|,|Rs( fo, fa) -— Rs( fa + €fa)|; 
- [Rr(tasts)— Rr(tayts +€)|,|Rs(is,ta)— Rs(is,ta + €)||Rs(fasfa)— Rs( fafa te)|, 
(a, 8) SNVS? |Rr(tasts)— Rr(tasts —€)|,|Rs(is,ta) — Rs(ts,ta—€)|,|Rs( fas fa) — Rs( fas fo —€)I; 
|Rr (tats) — Rr(te —€,te +€)|,|Rs(ts,ta) — Rois —€,ta +€)|,|Rs( fos fa) —Rs( foe, fat €)|, 
|Rr(ta,ts) — Rr(ta —€,ts —€)|,|Rs(te,ta) — Rs(is —€,t.—€)|, |Rs( fos fa) — Rs( fo —€,fa—€) |, 


|Rs(is,ta) — Rs(is — €,t4)||Rs( fa, fa) — Rs( fa — €, fa) | 
where R, is residual implication induced by left-continuous t-norm T, Rs is coresidual implication 
induced by right-continuous t-conorm S. 


Corollary 4.1. The € sensitivity of the single-valued neutrosophic Lukasiewicz t-representable t- 
norm is Ag, (€) = 2eA1. 


Corollary 4.2. The € sensitivity of the single-valued neutrosophic Lukasiewicz residual implication 
is Arg = 2EA1. 


Definition 4.5. Let A and A’ be two single valued neutrosophic fuzzy sets on universal X. If || A — 
A’ ll=Vxex d (A(x), A’(x)) < for all x € X, then A’ is called e-perturbation of A denoted by A’ € 
O(A, €). 


Theorem 4.2, Let A, A’, B, B', A* and A”™ be single-valued neutrosophic fuzzy sets. If || A— A’ Il< 
é, ||B—B' |l<e, || A*— A” lS, B* and B”™ are the single-valued neutrosophic fuzzy inference 
triple I solutions of FMP(A, B, A*) and FMP(A’, B', A’) givenin Theorem 3.1 respectively, then the 
€ sensitivity of the single-valued neutrosophic fuzzy inference triple I solution B* for FMP is 


Ape (€) =Il B* — B” IIS Az (Ag (€)). 


Proof: Let A, A’, A*,A™ € SNVS(X), B,B' € SNVS(Y). If || A-—A’ Ils ¢, | B-B' Ile, || A* — A” Ils €, 
then we have, 
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Ap (€) =I| BX — B™ Il 
=\/a@o.8"on) 


yey 
=\VJa\/7 aa@.soy,4'@), \P 7 @E'C).B')).A"@O) 
yey xEX xEX 
<\J\ 4 oRU@, BO), 4°). TRE'),B')). A") 
yeY xEx 
<Ar (An (€)) 


Corollary 4.3. Suppose R is residuated implication induced by single valued neutrosophic 
Lukasiewicz t-representable t-norm J, then Ap: (€) = 3€ A 1. 


Proof: Let A*(x) =(t,ipft), A(x) =(tzi2f,), BY) =(tzis, fe), AX) =(thinfl), A(x) = 
(tz, 5, fo), B' (vy) = (t3, t3, fz). Suppose that || A—A’ lls e, || B — B’ Ilse, || A* — A IIS e, according to 
Proposition 4.1, then we have: 
d(T (A*(x), R(A(x), B(y))), F(A" (x), R(A' (x), B'(y)))) 
= max{|(OV (t, + Rr(tz,t3) — 1)) — OV (t + Rr (t,t) — 1), 
I((in + Rs (iz, t2)) A 1) — Ci + Rs G32) ADI, 
(At+Rsa fA AD -(H + ks. f2)) A DB 
< max{|(O Vv (4, + Rr(tz,t3) — 1)) —-OV (i, + €) + Rr (ea, t3) tAr (€) — 1))I, 
ICC, + Rs(iz, t2)) A1) — (hs + € + Rs (iz, iz) tAR (€)) ADI, 
(fi + Rsfa, f2)) A 1) — (fr + € + Rs fz fa) tA (€)) A 1)[3 
<E+Apg (E) 
For Lukasiewicz implication, for all A*(x) = (ty, i,, f,), we can tack A(x) = (t, +¢,i, +6, f, +), 

R((t2, iz, fo), (tz, iz, fg) = (1,0,0) ,  R((t3, iz, fo), (tz, i, fe) = (1 —Ap (€), Ag (€), Ag (E)) satisfy the 
above equation, i.e. Ag+ (€) = € tAg (€). Therefore, Ag (€) = 3€ A1 by Corollary 4.2. 


Corollary 4.4. Suppose R is a residuated implication induced by single valued neutrosophic Goguen 
t-representable t-norm J, then Az« (€) = € + (1 — €) Ag (€). 


Proof: Let A*(x) =(t,infi), A() = (tz,i2fo), Bly) = (tz is, fs), A(x) =(thinfl), A(x) = 
(tz, 3, f2), B'(v) = (t3, t3, fz). Suppose that || A—A’ lls e, || B — B’ Ilse, || A* — A” IIS e, according to 
Proposition 4.1, then we have: 
d(T (A*(x), R(A(x), B())), F(A" (x), R(A(x), B'(y)))) 
= |t1 -Rr(tz, tz) — t - Rr(ty, t3)| 
V 1G. + Rs (iz, ta) — ty + Rs (iz, i2)) — G+ Rs Viz, 2) — + Rs (iz, 12))| 
VIG + Rs fa) — fi Rs (fa. fo) — Ai + Bs fs, f2) — fl Rs 3, 2) 
S |t, > Rr(ty, tz) — Gy — €) - (Rr (ta, tz) —Ag (€))| 

V [Ci + Rs (iz, t2) — ty» Rs (iz, t2)) — (CG + €) + (Rs (iz, iz) —Ar (€)) — Ch + €) * (Rs (iz, 2) —Ar (€)))| 

VIGt + Rs fa, fa) — fa» Rs fa) — (fa + €) + (Rs, fa) —Ar (©)) — (i +) Rs, fo) —An (€)))I 
<Se+(1—€) Ag (€) 
For Goguen implication, we can take A*(x) = (t,,i,,f;) = (1,0,0), A(x) =(1—-6,¢,€), 

R(t, iz, fo), (tz, iz, fz)) = (1,0,0), satisfy the above equation, i.e. Ag* (€) = € + (1 — €) Ag (€). 


Corollary 4.5. Suppose R is residuated implication induced by single valued neutrosophic Gédel t- 
representable t-norm J, then Ag: (€) =Ag (€). 


Proof: According to Theorem 4.1, we have Ag: (€) SAz (Ag (€)), since J is single-valued 
neutrosophic Gddel t-norm, then we have Ag: (€) SAg(e). Let A*(x)=1*, then B*(y)= 
VuexT (1*,R(A(x), B(y))) = Veex R (A(X), B(y)), i-e., Apx (€) SAR (E). Therefore, Apx (€) =Ag (€). 
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Theorem 4.3. Let A, A’, B, B', B* and B”™ be single-valued neutrosophic fuzzy sets. If || A— A’ Il< 
€é, ||B-B' |l<e, || B*—B" |lS<e, A* and A” are single-valued neutrosophic R-type triple | 
solutions of FMT (A, B, B*) and FMT(4’, B’, B™) given in Theorem 3.2 respectively, then the ¢ 
sensitivity of the single-valued neutrosophic R-type triple I solution A* for FMT is 


Age (€) =I| A* — A™ IISAg (Ag (€)). 


Proof: Let A, A’ € SNVS(X), B,B', B*,B’* ESNVS(Y). If || A-A’ lise, | B-B' Ilse, || BX — B” Ilse, 
then we have, 
Agr (€) =| A* — A” II 


=\Ja@@,a"@) 
=\VVac\ 2 @ae,8o.8 on, \R@E'C.B'OD.B"OM) 
xEX yeY yeY 


< \J\V 4 RRA, BOD), BOY), RRA), B')).B"O)) 


xEX yYEY 
SAg (Ag (€)) 


Corollary 4.6. Suppose R is residuated implication induced by single valued neutrosophic 
Lukasiewicz t-representable t-norm J, then Ay: (€) = 3€ A 1. 


Proof: Let B*(y) =(thinfi), A(x) = (tainfe), BO) = (tz is, fg), BUY) =(thinfi), A(x) = 
(tz, ty, fo), B'C”) = (t3, i3, fz). Suppose that || A— A’ Ils e, || B—B’' ll, || A* — A” lls €, according to 
Proposition 4.1, then we have: 
d(R(R(A(x), B(y)), B*(y)), R(R(A'(x), B'(y)), B“'0)) 
= max{|(1A (1 — Rr (tz, t3) + t1)) — AA (1 — Rr, t3) +), 
I((i — Rs (iz, t2)) V 0) — (Ci, — Rs G3, i2)) V ODI, 
(i — Rs fs, fa) V 0) — (G1 -— Rs Cf, f2)) V 9) 3 
S< max{|(1A 1 — Rr(tz, t3) + t1)) — AA (1 — (Rr Ca, tz) Ar (6) + (4 + €)))/, 
I(x — Rs Gs, t2)) V 0) — (Cin — € — (Rs (iz, iz) +A (€))) V9), 
I(t — Rs fa, f2)) V 0) — (ft — € — (Rs, fo) + AR (€))) V 9) 1} 


< E+Ag (E) 


For the single-valued neutrosophic Lukasiewicz implication, for all A*(x) = Zt,,i,,f,2Z, we can tack 
A™ (x) =(ty+6i4,-E8f;-€) , RCt2 tr fo) (tz,iz, fa) = (1,00) , Ritz, t2, f2), (t4, 13, fg) = (1 - 
Ar (€), Ar (€),Ap (€)) satisfy the above equation, i.e. A4* (€) = € +Ap (€). Therefore, Ay: (€) = 3€ A 
1 by Corollary 4.2. 


Corollary 4.7. Suppose R isaresiduated implication induced by single valued neutrosophic Goguen 


t-representable t-norm J, then A,» (€) = ray 
TAR 


Proof: Let B*(y) = (thin), A) =(tatnh), BO) = (tz is, fe), B°Y) =(thinff), A(x) = 
(tz, i, fo), B'(y) = (t3, i3, fz). Suppose that || A — A’ Il< «, || B —B’ lls «, || A* — A” Ils €, according to 
Proposition 4.1, then we have: 
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d(R(R(A(x), B(y)), B'(y)), RRA (x), BY(y)), BP) 


t; i 
= max{|(1A t,t) —(1A Rae ey 
(i, —RsGz,i2)) VO GG —Rs(iz,t3)) V0 
A= Rint) LS RED | 
| Ai -Rsaf)V9_ Gi — Rs, f2)) V9 
1 — Rs(fs, fa) 1—-RsGfy, fr) ‘ 
ft i 
SONG) RO. 
(i, — Rs(iz, t2)) VO - (Ci, — €) — (Rs (iz, in) +AR (€))) VO | 
1 — Rg (iz, iz) 1 — (Rs (iz, ig) +Ag (E) : 
fi -~RsGafaVvO (ha) — RsVUs fe) tAr ())) VO 
1— Rs(fs, fo) 1 — (Rs(fs, fo) +Ar (€) 
€ 
7 1 —Ag (E) 


For the single-valued neutrosophic Goguen implication, we can tack B*(y) = (¢,1,1), B’(y) = 
(0,1 —€,1—€), R((t2, iz, fo), (tz, iz, f3)) = (1 —Ag (€),0,0), satisfy the above equation, i.e. Ay: (€) = 


1-Ag(e) 


Corollary 4.8. Suppose R is residuated implication induced by single valued neutrosophic Gédel t- 
representable t-norm J, then A,: (€) = 1. 


Proof: Let B*(y) = (tpitfi), A(x) = (tinh), BO) = (tsi: fg), B°O) =(thinfl), A(x) = 
(tz, is, fo), B'(v) = (t3, i3, fz). Suppose that || A — A’ Ils «, || B —B’ lls «, || A* — A” IIS €, according to 
Proposition 4.1, then we have: 
d(R(R(A(x), B(y)), B*(y)), R(R(A'(x), BY(y)), B’ 0) 
= max{|Rr(Rr(tz, t3),t1) — Rr(Rr (tz, t3), 4), 
IRs (iz, Rs (iz, i2)) — Rs (iy, Rs (i, 2), 
IRs Rs fs, f2)) — Rs Rs Fs, fa) 13 


<1 


For the single-valued neutrosophic Gédel implication, we can tack B*(y) = (¢,1,1),A(x) = C, 1- 
e,1—e), BQ) =(,1-5,1-5), BY) =(0,1- 2,1 -e), A(x) = (e,1 — 2¢,1- 28), BY) = E,1- 
€,1-—«), then R(A(x), B(y)) = (-,0,0), R(A'(x), B'(y)) = (=,0,0), satisfy the above equation, i.e., 
Aay* (€) as 1. 


5. Conclusions 


In this paper, we extend the fuzzy inference triple I method on single-valued neutrosophic sets. 
Single valued neutrosophic fuzzy inference triple I Principle for and are proposed. Moreover, the 
single-valued neutrosophic fuzzy inference triple I solutions for and are given respectively. The 
reductivity and the robustness of the single-valued neutrosophic fuzzy inference triple I methods are 
studied. 

This article only conducts research on fuzzy reasoning algorithms at the theoretical level and has 
not been applied in databases; when using t-representable t-norm, this article only considers the case 
of Rr = Rs, without analyzing and demonstrating the case of Rr # Rs. 

The logical basis of a fuzzy inference method is very important. In the future, we will consider 
building the strict logic foundation for the triple I method based on left-continuous single-valued 
neutrosophic t-representable t-norms, and bring the single-valued neutrosophic fuzzy inference 
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method within the framework of logical semantic. Not only that, analyze and discuss the case of 
Ry; # Rs for the algorithm, and apply the algorithm to pattern recognition in the database. 


Acknowledgments 

The author is grateful to the editorial and reviewers, as well as the correspondent author, who offered 
assistance in the form of advice, assessment, and checking during the study period. 

Data availability 

The datasets generated during and/or analyzed during the current study are not publicly available 
due to the privacy-preserving nature of the data but are available from the corresponding author 
upon reasonable request. 

Funding 

This work was supported by the National Natural Science Foundation of China (No.12171445). 
Conflict of interest 

The authors declare that there is no conflict of interest in the research. 

Ethical approval 

This article does not contain any studies with human participants or animals performed by any of the 
authors. 


References 


1. Wang, G. (1999). The full implication triple I method for fuzzy reasoning. Science in China (Series E), 29(1), 
43-53. 

2. Zadeh, L. A. (1975). The concept of a linguistic variable and its application to approximate reasoning-I. 
Information Sciences, 8(3). https://doi.org/10.1016/0020-0255(75)90036-5 

3. Zadeh, L. A. (1973). Outline of a New Approach to the Analysis of Complex Systems and Decision 
Processes. IEEE Transactions on Systems, Man and Cybernetics, SMC-3(1). 
https://doi.org/10.1109/TSMC.1973.5408575 

4. Wang, G. J. (1999). On the logic foundation of fuzzy reasoning. Information Sciences, 117(1). 
https://doi.org/10.1016/S0020-0255(98)10103-2 

5. Wang, G. J., & Fu, L. (2005). Unified forms of Triple I method. Computers and Mathematics with 
Applications, 49(5-6). https://doi.org/10.1016/j.camwa.2004.01.019 

6. Pei, D. (2008). Unified full implication algorithms of fuzzy reasoning. Information Sciences, 178(2). 
https://doi.org/10.1016/j.ins.2007.09.003 

7. Pei, D. (2012). Formalization of implication based fuzzy reasoning method. International Journal of 
Approximate Reasoning, 53(5). https://doi.org/10.1016/j.ijar.2012.01.007 

8. Liu, H. W., & Wang, G. J. (2007). Unified forms of fully implicational restriction methods for fuzzy 
reasoning. Information Sciences, 177(3). https://doi.org/10.1016/j.ins.2006.08.012 

9. Luo, M., & Yao, N. (2013). Triple I algorithms based on Schweizer-Sklar operators in fuzzy reasoning. 
International Journal of Approximate Reasoning, 54(5), 640-652. https://doi.org/10.1016/j.ijar.2013.01.008 

10. K.  Atanassov, Intuitionistic fuzzy sets, Fuzzy Sets and Systems  20(1986)87-96. 
https://doi.org/10.1016/S0165-0114(86)80034-3 

11. B. Gorzalczany, Approximate inference with interval-valued fuzzy sets-an outline, in: Proc. Polish Symp. 
On Interval and Fuzzy Mathematics, Poznan, 1983, pp. 89-95. 

12. Turksen, I. B. (1986). Interval valued fuzzy sets based on normal forms. Fuzzy Sets and Systems, 20(2). 
https://doi.org/10.1016/0165-0114(86)90077-1 

13. Atanassov, K., & Gargov, G. (1989). Interval valued intuitionistic fuzzy sets. Fuzzy Sets and Systems, 31(3). 
https://doi.org/10.1016/0165-0114(89)90205-4 

14. Zheng, M., Shi, Z., & Liu, Y. (2014). Triple i method of approximate reasoning on Atanassov’s intuitionistic 
fuzzy sets. International Journal of Approximate Reasoning, 55(6). https://doi.org/10.1016/,.ijar.2014.01.001 


Minxia Luo, Ziyang Sun, Donghui Xu, and Lixian Wu, Fuzzy Inference Full Implication Method Based on Single Valued 
Neutrosophic t-representable t-norm: Purposes, Strategies, and a Proof-of-Principle Study 


Neutrosophic Systems with Applications, Vol. 14, 2024 16 
An International Journal on Informatics, Decision Science, Intelligent Systems Applications 


15. 


16. 


17. 


18. 


19. 


20. 


21. 


22. 


23. 


24. 


25. 


26. 


27. 


28. 


29. 


30. 


31. 


32. 


33. 
34. 


Li, D. C., Li, Y. M., & Xie, Y. J. (2011). Robustness of interval-valued fuzzy inference. Information Sciences, 
181(20). https://doi.org/10.1016/j.ins.2011.06.015. 

Luo, M., & Zhang, K. (2015). Robustness of full implication algorithms based on interval-valued fuzzy 
inference. International Journal of Approximate Reasoning, 62. https://doi.org/10.1016/j.ijar.2015.05.006 
Luo, M., & Zhou, X. (2015). Robustness of reverse triple i algorithms based on interval-valued fuzzy 
inference. International Journal of Approximate Reasoning, 66. https://doi.org/10.1016/).ijar.2015.07.004 
Luo, M., Cheng, Z., & Wu, J. (2016). Robustness of interval-valued universal triple i algorithms 1. Journal 
of Intelligent and Fuzzy Systems, 30(3). https://doi.org/10.3233/IFS-151870 

Luo, M., & Liu, B. (2017). Robustness of interval-valued fuzzy inference triple I algorithms based on 
normalized Minkowski distance. Journal of Logical and Algebraic Methods in Programming, 86(1). 
https://doi.org/10.1016/j.jlamp.2016.09.006 

Luo, M., & Wang, Y. (2020). Interval-valued fuzzy reasoning full implication algorithms based on the t- 
representable t-norm. International Journal of Approximate Reasoning, 122. 
https://doi.org/10.1016/j.ijar.2020.03.009 

Smarandache, F. (1999). A Unifying Field in Logics: Neutrosophic Logic, Neutrosophy, Neutrosophic Set, 
Neutrosophic Probability. In American Research Press. 

Smarandache, F. (1998). Neutrosophy: neutrosophic probability, set, and logic: analytic synthesis & 
synthetic analysis. In Rehoboth: American Research Press (Issue October). 

H. Wang, F. Smarandache, Y.Q. Zhang, R. Sunderraman, Single valued neutrosophic sets, Multispace and 
Multistructure 4(2010)410-413. 

Smarandache, F. (2009). N-norm and N-conorm in Neutrosophic Logic and Set, and the Neutrosophic 
Topologies. arXiv preprint arXiv:0901.1289. 

Rivieccio, U. (2008). Neutrosophic logics: Prospects and problems. Fuzzy Sets and Systems, 159(14). 
https://doi.org/10.1016/j.fss.2007.11.011 

Alkhazaleh, S. (2015). More on neutrosophic norms and conorms. Neutrosophic Sets Syst, 9, 23-30. 

Zhang, X., Bo, C., Smarandache, F., & Dai, J. (2018). New inclusion relation of neutrosophic sets with 
applications and related lattice structure. International Journal of Machine Learning and Cybernetics, 9(10). 
https://doi.org/10.1007/s13042-018-0817-6 

Hu, Q., & Zhang, X. (2019). Neutrosophic triangular norms and their derived residuated lattices. Symmetry, 
11(6). https://doi.org/10.3390/sym11060817 

Das, S., Poulik, S., & Ghorai, G. (2023). Picture fuzzy d-tolerance competition graphs with its application. 
Journal of Ambient Intelligence and Humanized Computing, 1-13. 

Poulik, S., & Ghorai, G. (2022). Connectivity Concepts in Bipolar Fuzzy Incidence Graphs. Thai Journal of 
Mathematics, 20(4), 1609-1619. 

Poulik, S., & Ghorai, G. (2022). Estimation of most effected cycles and busiest network route based on 
complexity function of graph in fuzzy environment. Artificial Intelligence Review, 55(6). 
https://doi.org/10.1007/s10462-021-10111-2 

Zhao, R., Luo, M., & Li, S. (2020). Reverse triple I method based on single valued neutrosophic fuzzy 
inference. Journal of Intelligent & Fuzzy Systems, 39(5), 7071-7083. https://doi.org/10.3233/jifs-200265 

E. P. Klement, R. Mesiar, E. Pap, Triangular Norms, Springer Netherlands, 2000. 

Edison, L. A., & Duncan, J. (1971). The Elements of Complex Analysis. The American Mathematical 
Monthly, 78(3). https://doi.org/10.2307/2317549 


Received: 27 Nov 2023, Revised: 28 Nov 2023, 
Accepted: 06 Jan 2024, Available online: 07 Jan 2024. 


© 2024 by the authors. Submitted for possible open access publication under the terms and conditions 
BY of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/). 


Minxia Luo, Ziyang Sun, Donghui Xu, and Lixian Wu, Fuzzy Inference Full Implication Method Based on Single Valued 


Neutrosophic t-representable t-norm: Purposes, Strategies, and a Proof-of-Principle Study 


